Abstract-Electric vehicles (EV) can be considered as energy storage with availability, energy and capacity constraints that can provide flexibility to the power system in the form of balancing products when aggregated. In this paper, we develop a two-stage stochastic optimization problem that maximizes the profit of a risk-averse EV aggregator for bids on the day ahead in both energy and Frequency Containment Reserve (FCR) markets. Unidirectional charging is examined, while we take into account uncertainty from prices and vehicle availability. Case studies are carried out in different Nordic bidding areas based on historical EV charging data. We identify a strong temporal alignment of EV availability and high FCR-N prices. Results show that consumption is shifted largely towards early hours of the morning. When compared to a reference cost of charging case, up to 50% of the cost of charging can be recovered in Norway, and 100% in Sweden.
NOMENCLATURE
Indexes and Sets ω ∈ Ω Index (set) of scenarios k ∈ K t Index (set) of sub-hourly time intervals within hour t t ∈ T Index (set) of hourly time intervals v ∈ V Index (set) of electric vehicles [12] . Most results show lower charging costs and increased aggregator profits through arbitraging energy prices by using EV flexibility. The literature can mainly be divided into bi-directional charging, also referred to as vehicleto-grid (V2G), and uni-directional charging with lower impact on battery lifetime.
In [1] , the authors derive an optimal bidding strategy for electric vehicle aggregators in the day-ahead, real-time and reserve markets using synthetic EV parameters. Three different optimization problems of independent aggregators making day-ahead decisions in the wholesale and secondary reserve markets are presented in [2] , where synthetic EV data is created in order to determine so called "flexible periods"
The authors build upon this study in [3] by developing an operational management & control model to minimize the difference between contracted and actual charging schedules. The optimal scheduling behaviour of a risk-averse aggregator is modelled in [4] . A comparison between two scenarios; one where the aggregator has no control and another where dynamic load control is exercised, is used to evaluate the value of EV flexibility. A different method is exploited in [5] , where chance constraints and the Markov inequality are used to create an efficient algorithm whose performance was evaluated against existing algorithms. Two thousand data points collected from smart chargers in British Columbia were extrapolated to mimic the charging sessions of a 1,000 vehicle fleet.
Although there have been a large number of studies examining the bidding behaviour of EV aggregators, to the authors' best knowledge they are reliant on the creation of synthetic EV fleet data and driving behaviour [2] , [3] , [6] - [11] , or utilize a small first hand data sample and extrapolate to a larger synthetic sample [5] , [12] . Furthermore, none of the above looked at the bidding problem for combined bids in energy and balancing reserve markets in the Nordic market.
In this paper, we formulate the profit maximization problem of a risk averse EV aggregator in the Nordic market. We assume that the aggregator has real-time information and control over its fleet and aims to maximize profits on the day ahead. We model uncertainty from EV availability and realtime energy prices. The results are evaluated in terms of total expected profits and the value of EV flexibility is quantified. The contributions of this paper are the following:
• We formulate the two stage stochastic optimization of a risk-averse EV aggregator that aims to maximize its expected profits on the day ahead, including (FCR-N & FCR-D) frequency reserve.
• We use real historical vehicle availability and battery state data to conduct case studies of bidding area NO5 in Norway and SE3 in Sweden.
• The case study shows a considerable value in coordinated EV aggregation & control in the Nordic market. The rest of this paper is structured as follows. In Section II the problem setup is outlined including the relevant markets, the various arrangements of the model used, together with the assumptions. Section III portrays the mathematical formulation of the models. Section IV outlines the available data and results of a case study in Norway and Sweden. We discuss the results in Section V and conclude in Section VI.
II. PROBLEM SETUP We want to explore the business case of an EV aggregator that has real-time control over its fleet and exploits this flexibility to participate in the energy and balancing markets. The aggregator's goal is to make optimal risk-averse dayahead decisions under uncertainty. While we ensure riskadversity and feasibility in the subsequent operation, the realtime control actions that would follow the day-ahead decisions are explicitly outside of the scope of this study. The aim is rather to give an estimation of potential profits for an aggregator, that will then have to weigh those against the cost of control systems and actions.
A. Markets Considered
This study is focused on the Nordic electricity markets, but can be used for most market setups that have a liberalized market for energy and frequency reserve products. Here, we assume that the aggregator can enter and place bids in the markets with the superscripts introduced below: DA: The day-ahead energy market closes at 12:00 CET D-1 and is traded at the wholesale market Nord Pool as a hourly product. RT : Real-time energy consumption. A one-price consumption imbalance settlement is used where the aggregator pays
for energy delivery at hour t. In the Nordic market, λ 
B. Uncertainty
Two main sources of uncertainty are considered: price uncertainty and availability due to driving behaviour.
• Price: Perfect price information is assumed for day-ahead (λ
DA t ) and FCR prices (λ N/D t
) which is in line with the literature [1] , [8] , [16] . If the study is conducted for summer and winter prices separately, a clear diurnal pattern of FCR-N prices can be identified. Price uncertainty is reflected via daily real-time (λ RT t,ω ) price trajectory scenarios (ω ∈ Ω) based on historical market data.
• Availability: Driving behavior can vary between vehicle type and owner. Driving behaviour scenarios were sampled randomly from the pool of historical EV trips. The database was obtained from historical trips of Tesla vehicles.
C. Risk Adversity -Conditional Value at Risk (CVaR)
The mathematical formulation described in Section III accounts for risk adversity through the CVaR. The risk represented by CVaR can be described as the expected value of the profit of the (1 − α)-quantile of the profit distribution [17] . In 1 Note that FCR-N and FCR-D markets are analyzed separately in this paper. In reality, an aggregator may obtain higher revenues from simultaneously offering both FCR-N and FCR-D bids. 2 The use of EVs in providing frequency containment reserves has been proven in field tests [13] , [14] to satisfy the technical requirements of Nordic TSOs, with the observed response time of 5-6 seconds being well below the 63% in 60 seconds response mandated for FCR-N [15] for instance.
other words, given a confidence interval α, the CVaR would return the average of all the bottom (1 − α)·100% of expected profits from the profit distribution. Therefore, by including CVaR in the objective function, the model is shifted from a risk-neutral to a risk-averse formulation with increasing β. Hereby, the sum of the expected profit E [Π ω ] and the bottom (1 − α) percent of profits is maximized.
D. Assumptions
This model isolates the profits of the aggregator derived from participation in the wholesale electricity and reserve markets, from the income generated via retail contracts entered into with end consumers. The operational business and contractual details of the EV aggregator with its end consumers however, is outside the scope of this work. The contract offered to end consumers could include incentives such as price reduction of a form that remunerates the end consumer for transferring the control of the vehicle charging to the aggregator. The details of the end-consumer contract might influence charging patterns and consumer behavior.
With the presented problem formulation, the profits of the aggregator under uncertain price and charging profiles can be analyzed irrespective of the business model of the aggregator and without the impacts that a specific customer contract type might have on charging patterns. Furthermore, we make the following assumptions:
• The aggregator is a price taker and thus has no effect on market prices.
• The aggregator is capable of dynamic load control in real time operation, i.e. it has the capability to remotely and continuously charge individual EVs.
• Each vehicle is assumed to only have one charging cycle per day available for control by the aggregator. This charging cycle is selected here as the single longest trip in each day. This assumption approximates the flexibility in a conservative way.
• The minimum bid size is always fulfilled. This assumption can be met in the Nordic context since Balance Responsible Parties are permitted to consolidate bids from various resources to meet minimum bid sizes [18] .
• The real-time activation of FCR-N reserves has a zero mean character. This assumption is based on the fact that FCR-N is a symmetric product, aiming to maintain the frequency at 50Hz and thereby having approximately equal up-& downwards energy activation.
• The aggregator is a risk-averse decision maker, which can be captured by the CVaR with confidence interval α = 0.9 and risk-adversity β = 0.6.
III. PROFIT MAXIMIZATION PROBLEM
The objective of the risk-averse aggregator is to maximize the expected profit over x = {e 
subject to (2),(3) to (7) where
The expected profit (2) is composed of the day-ahead income (3a) from accepted frequency containment reserve bids, the day-ahead cost of energy in (3b), the expected cost (or revenue) from the purchase (or sale) of energy in real-time, represented by (3c), and finally the penalty due to deviation, in the form of a consumption imbalance fee in (3d). Note that in this study, the term "real-time" refers to the imbalance settlement and therefore is associated with the RPM price.
Equation (4a) gives the volume of energy that is purchased or sold in real-time and is equivalent to the deviation between real-time energy consumption and the day-ahead bid. (4b) and (4c) outline the aggregated hourly real-time consumption as the sum of all sub hourly (k) real-time consumption of vehicles in set V. Equation (4d) gives an approximation of real-time energy consumption through the trapezoidal rule of p k,v,ω at k and k + 1, while (4e) constrains p k,v,ω to be less than or equal to the rated charge power when the vehicle is available.
The state of charge (SOC) between time steps k is recursively defined by (5a) and constrained in (5b). The maximum battery capacity S v is used to normalize real time charging with respect to the SOC. Equations (5c) and (5d) define the SOC at arrival (T 
The Conditional Value at Risk (CVaR) is reflected in (6a) to (6c). The level of risk aversion is determined by the parameter β in the objective function (1) as described in Section II-C.
Here, we assume that the aggregator would bid in only one of the FCR markets, i.e. Z N + Z D ≤ 1. When the FCR-N market is considered, (7a) and (7b) are enforced. The maximum upwards reserve capacity is determined by (7a), while the maximum downwards reserve capacity is calculated in (7b). When the FCR-D market is considered, (7c) and (7d) are enforced. When Z N = Z D = 0, then Π R = 0 and the aggregator would only arbitrage energy and exploit price difference between the DA energy and RT imbalance prices.
FCR-N is assumed approximately symmetrical while FCR-D is in practice only up regulating. Up regulation of generation corresponds to down regulation of EV consumption. Similar to the model in [1] , the activation of the bid is considered here via a dispatch-to-contract ratio R dc t . This parameter provides the proportion of submitted FCR-D bids that will be activated in real-time and can be obtained from e.g. historical FCR-D data (see Section IV-A). An activation of FCR-D however, would result in a deviation from the day-ahead energy bid and resulting imbalance penalty. Therefore, we split the imbalance into instructed e ΔI t,ω and uninstructed e ΔU t,ω deviation where only the latter is penalized. The profit maximization of the aggregator can be formulated as a linear program (LP) given the assumptions in Section II-D.
Market Participation Cases: Based on the general formulation of (2), we can modify the problem to study different cases of the aggregator's involvement. To this end, the total profits of the aggregator are labeled with the respective superscripts in the rest of this paper. Vehicle Data: We use real historical data of vehicle availability as well as the actual charging power, battery size, SOC at arrival and departure from Tibber [19] . We only model uni-directional charging (no V2G) and assume a constant charging efficiency of η v = 0.9 ∀ v.
IV. CASE STUDY

A. Data
Market Price Data: The day-ahead (λ , the hourly mean of historical prices was used for both the dayahead energy and FCR prices where perfect price information was assumed. The motivation for this assumption is that the daily FCR-N price trajectories on weekdays shows very similar magnitudes throughout a given season. An illustration of characteristic market data in bidding areas NO5 and SE3 is given in Fig. 1 . It displays the day-ahead and FCR-N prices in bold, while real-time price scenarios are indicated by thin lines. The 15 real-time price scenarios were found based on a forward selection technique [21] . Note that the FCR-N price significantly increases during the night hours, and even more so in summer.
B. Results
The breakdown of results over a 24 hour period in summer and winter is outlined in Table I with market prices based on bidding area NO5 and SE3. The aggregator's expected profit is the sum of the day-ahead and expected real-time energy cost and the return from provision of FCR-N. It is observed that the expected real-time energy cost is positive in summer and is therefore representing a return from arbitrage between the day-ahead and real-time markets. The expected RT energy cost is positive in many cases, indicating a return through the sale of energy in the imbalance settlement. In SE3 in summer, with a return from FCR-N provision of 3,837 SEK, the entire cost of charging is recovered and even surpassed. Hence the expected total profit is positive in this case. The reason this value is significantly greater when compared to the results from NO5, is almost entirely attributable to higher FCR-N prices in Sweden, c.f. Fig. 1 . The expected return from providing primary reserve covers almost 55% of the charging cost. The lower reserve return in winter is attributed to lower FCR-N prices in the winter period, c.f. Figs. 1a and 1b .
The aggregated load curve of the EV fleet is visualized in Fig. 2b with the green lines portraying the aggregate load resulting from EV availability in various scenarios. The black line displays the mean number of vehicles that are "home & connected" at each 15 minute interval, showing the largest drop as drivers leave for work between 7am and 8am. It can be observed that charging is shifted to the hours of higher FCR-N prices between 12am-5am, c.f. Fig. 1b , in order to maximize return. Meanwhile, the optimized day-ahead energy (e DA ) and FCR-N reserve bids (r N ) are shown in Fig. 2a , together with the scenarios of real-time consumption. Energy arbitrage is carried out where the day-ahead energy bid varies from the real-time energy consumption. This is clearly illustrated at 11am for instance, where the optimal schedule is to buy a volume of DA energy in excess of the real-time consumption, in order to sell at a higher RT imbalance price. For market participation case D, we use a conservative approach by selecting the 99 th percentile day with the highest 1% of recorded dispatch-to-contract ratio R dc t over a full day. Selected percentile days are shown in Fig. 3 . The significance of instructed deviation (where parts of FCR-D reserves are activated by the TSO) is low compared to the un-instructed deviation stemming from energy arbitrage between day-ahead and real-time markets. This means that there is more value in energy arbitrage than in providing FCR-D capacity, despite the penalty for un-instructed deviation.
C. Value of Flexibility
Let R be the reference case of uncontrolled charging (immediate charging after each trip) and {A, N , D} ∈ X be the set of alternative market participation cases. The absolute (Φ) and relative (ϕ) value of flexibility is defined analogous to [4] in (8) with respect to the reference of immediate charging.
Table II summarizes the absolute and relative value of flexibility of the entire fleet in SE3 and NO5 for the market participation cases A, N , D. The value of flexibility of an average vehicle per month is visualized in Fig. 4 . Note that the value of flexibility changes significantly with the market participation cases and is generally higher in Sweden, and in summer.
V. DISCUSSION
The results were obtained for summer and winter seasons separately by using the hourly mean DA energy and periods, these results can be extrapolated to an average yearly revenue per vehicle. This average yearly revenue from providing energy arbitrage and FCR-N (N ) amounts to 342 NOK (NO5) and 1,470 SEK (SE3) per vehicle respectively. With this market participation, an EV can essentially be charged "for free" in Sweden by recovering 96% (winter) to 196% (summer) of the charging cost in energy and FCR-N markets.
Note that these values do not consider other revenue streams, such as end user retail contracts which are dependent on the business model of the aggregator. One flexibility limitation is that 50% of the home chargers in the examined EV fleet have capacities P v of only 2 to 3 kW, which means that an empty 100 kWh Tesla vehicle would require more than 24 hours to be fully charged. Hence, it could be a significant value proposition to an end-user to offer an upgrade to a high-power home charging unit. A Tesla wall connector for instance, has a unit price of 5,200 SEK [22] (with a capacity of up to 16.5 kW, excluding installation labor). This cost could be recovered in Sweden by an average vehicle within 3.5 years.
VI. CONCLUSION
A two-stage stochastic optimization model was developed to maximize the expected profits of a risk-averse electric vehicle (EV) aggregator by an optimal day ahead schedule. The model was used to quantify the value from aggregating and controlling a fleet of EVs in the Nordic market. Case studies were carried out using real historical fleet data. Results showed moderate revenue from participation in the FCR-N market in Norway but greater revenues in Sweden stemming from considerably higher reserve prices. The expected profit of an EV aggregator from energy arbitrage and FCR-N provision is approximately 342 NOK in Norway and 1,470 SEK in Sweden per vehicle per year. Compared to a reference cost of uncontrolled charging, up to 50% of the cost can be recovered in Norway, while the entire charging cost can be recovered in Sweden. These results make strides in confirming the existence of significant value in exploiting the inherent flexibility of EV charging in the Nordic energy and frequency reserve markets.
